Abstract -Automatic face indexing is an important
I. INTRODUCTION
Recently, the number of Internet Protocol Television (IPTV) deployments has grown rapidly, offering various digital video services. In an IPTV environment, typically owned and managed by a telecom provider, digital video content is delivered to consumers over a broadband connection using the Internet Protocol (IP) [1] . That way, IPTV allows for the convergence of digital television broadcasting and Web-based services. A core element of an IPTV environment is the set-top box (STB), acting as the gateway between the IP network of the telecom provider and the home network and digital television of an end-user. Nowadays, STBs often come with a high storage capacity, making these devices suitable for the storage and management of a personal media library.
The amount of video content that can be consumed through IPTV-based services is increasing at a high pace. As such, personalization is important in order to enable effective consumption of video content. Indeed, personalization empowers users to consume video content based on their own preferences (e.g., favorite genre or favorite actors). To facilitate user-centered video services in IPTV systems, content-based indexing (or annotation) techniques are strongly needed [2] - [3] . In particular, recent user studies have shown that users prefer to index, search, and organize their video content based on "who" is appearing in the content [4] . Further, as dramas and movies typically consist of scenes involving one or more well-known actors [5] , actor-based video indexing for IPTV-based video services may have a high commercialization potential.
To date, the scientific literature only contains a few papers that deal with automatic face indexing in digital video content. In [6] , the authors propose an interactive querying method for indexing the names of actors in video content. In this method, users are first asked to click on actors in a video frame. Face detection is then applied to the clicked video frame in order to determine the location of faces. Subsequently, a frame buffering technique (relying on object tracking) is used to select the best frontal face from a pre-specified number of frames before and after the clicked frame. Finally, a selected face is fed into a Gabor filter-based FR step. In [7] , during the training stage, a video sequence is split into a number of subgroups by using both temporal and visual information. The resulting subgroups are subsequently merged into a set of groups, where each group corresponds to the identity of a particular subject (that is to be indexed). The identity of a query face is determined by comparing the distance computed between a query face and a representative face sample selected from each group. In [8] , the authors propose a variant of PCA, so-called self-eigenfaces, for use in video indexing applications. Multiple sets of eigenfaces are constructed for each target subject using face images obtained for different views. Each query face is separately projected onto the individual eigenfaces and reconstructed for FR purposes.
As previously mentioned, a limited number of techniques have thus far been proposed for indexing faces in video content. Moreover, to our best knowledge, an effective face indexing system for facilitating actor-based video services in an IPTV environment has not been described yet in the scientific literature. In this paper, we propose a novel face indexing system that is particularly effective for IPTV systems. Moreover, the proposed system is able to attain high face annotation accuracy for digital video content. Given a video sequence, our face indexing system aims to automatically find a set of video shots that show actors of interest. Compared to previous work, the main technical contributions of our work are as follows:
Using the Internet connection of an STB and metadata available in an Electronic Program Guide (EPG), a high number of training face images for actors of interest are collected from the Internet. This allows building a FR engine that is able to reliably recognize actors of interest in dramas or movies. To take advantage of the temporal dimension of video content, we propose an effective face clustering technique and a novel FR method using weighted feature fusion. Thanks to the use of face clustering, face images of the same subject can be obtained from a sequence of video frames. Multiple face features (for a particular subject), extracted from the clustered face images, are then combined using the proposed weighted feature fusion solution, improving face annotation accuracy. In general, face images detected in video frames may have a lower visual quality due to motion blurring and the use of compressed video formats (such as MPEG-2 Video). To cope with this problem, we make effective use of color face features [9] in order to build a face indexing system that is robust to face images with a low visual quality. The efficacy of the proposed system is validated using more than 300,000 video frames collected from five video clips containing drama or movie content. The experimental results show that the proposed system can achieve a face annotation accuracy that is feasible for practical applications. Further, the proposed system is straightforward to implement and computationally inexpensive.
The rest of this paper is organized as follows. In Section II, we present the overall architecture of our face indexing system. The construction of a FR engine using the Web is described in Section III. The proposed video FR technique is outlined in Section IV. Section V presents experimental results, validating our face indexing system in terms of both face annotation accuracy and run-time performance. Conclusions and directions for future research are presented in Section VI.
II. OVERALL SYSTEM ARCHITECTURE
Computer-based face detection (FD) and face recognition (FR) are key technologies in order to realize an automatic system for indexing faces of actors. While automatic FD has become a mature technique [10] , automatic FR is still far from being adequate for many practical applications. This can mostly be attributed to the fact that face images, detected in video frames, are often the subject of severe changes in illumination, pose, and resolution (see Fig. 4 in Section V). For this reason, this paper will focus on the problem of video face recognition (rather than the problem of face detection) in order to effectively index the actors in video content. Fig. 1 shows the overall architecture of the proposed face indexing system, running on the STB of a particular user. The STB contains a personal media library consisting of drama and movie content (e.g., prerecorded using the STB, downloaded from the Internet, or personal DVD copies).
As outlined in Fig. 1 , the proposed face indexing system mainly consists of two parts: 1) construction of a FR engine using the Web and 2) video face recognition. Using the Internet connection of an STB, actor names are first retrieved from an online drama and movie information provider. When prerecorded video content is consumed, EPG metadata can be used as well in order to retrieve actor names without requiring any user interaction. Training and target face images for actors that need to be annotated (this is, the actors of interest or the so-called target actors) are subsequently acquired from the Web. The constructed FR engine and a set of target face images are then passed to the video FR stage. In general, video shots are the primitives for content-based operations such as indexing and retrieval. The frames present in each video shot are processed by the face clustering step. The goal of face clustering is to group face images (detected in a sequence of video frames within a shot) into a representative set of clusters, each corresponding to a unique subject. Multiple face images present in each face cluster are transformed into corresponding color face features. Multiple color face features of the same subject are then combined using the proposed method for weighted feature fusion. Finally, based on the obtained FR results, face images within a face cluster are annotated with the identity of an actor of interest. A more detailed description of our face indexing system is given in the following sections.
III. CONSTRUCTION OF A FR ENGINE USING THE WEB
In pattern recognition theory, and in particular in the area of supervised learning, a classifier becomes in general more effective when more training samples can be used to learn the dominant characteristics of each class [11] . Consequently, the availability of a high number of training face images for target subjects is advantageous when having to build a reliable FR engine [20] - [21] .
Starting from the observation discussed in the previous paragraph, the aim of using the Web during the construction of a FR engine is to acquire a high number of training face images for the actors of interest. To this end, the user first enters the title of a drama or movie in the user interface provided by the STB. The STB then communicates the title to a drama or movie information service provider. This service provider returns a list of names of actors appearing in the drama or movie content to the STB. In a next step, the STB uses the list of actor names to perform an image search on the Web. In other words, the actor names are used to collect a high number of training face images through a Web image search performed by the STB.
Note that the list with actor names can also be used to restrict the set of likely matches for a given query face to a limited number of actors (usually less than a dozen of actors). This makes it possible to attain high annotation accuracy when targeting face indexing in drama or movie content. Indeed, it is well understood that FR tasks become less effective as the number of target subjects stored in the target database (DB) increases (e.g., when more than hundreds of target subjects are present in the target DB) [12] .
After having performed an image search on the Web, face images are automatically detected and extracted from the collected images using state-of-the art FD techniques (e.g., by making use of the FD technique described in [10] ). The detected face images are then divided into two sets: a training DB and a target DB. The training images are used to build a FR engine that is able to recognize actors of interest. Specifically, in a typical FR system, building a FR engine mainly consists of constructing a face feature extractor [13] . In our research, the training images are used to create a face feature extractor that is able to extract color face features (as will be explained in Section IV-B).
IV. VIDEO FACE RECOGNITION
In this section, we discuss the proposed video FR method in more detail. In order to decompose a video sequence into a number of shots, the technique proposed in [14] was used.
This technique, which has proven to be effective and accurate, detects video shots by making use of a color histogram (computed for each video frame). The remaining modules (as shown in Fig. 1 ), needed to perform video FR, are discussed in the following subsections.
A. Face Clustering
The aim of face clustering is twofold: first, all facial images of the same subject should be grouped into a single cluster and second, the face images of different subjects should be part of different clusters.
We now describe our face clustering method in more detail. Let i I be the th i face image detected in a video frame that belongs to a particular shot, where
and where L denotes the total number of face images detected in all video frames within the shot in question. Note that face images can be extracted using any state-of-the-art face detection technique. The face feature of i I is denoted as .
i f Note that i f can be obtained using any state-of-the-art face feature extraction technique (e.g., using global or local face features [15] ).
Since we have no a priori information about the possible identity of subjects or the nature of face feature samples, we make use of an unsupervised clustering technique for clustering face images. Specifically, we have adopted averagelinkage based hierarchical agglomerative clustering (HAC) [16] in our research for the purpose of face clustering. The HAC-based face clustering algorithm is summarized below. (b) Calculate the average dissimilarity between i C and j C by summing the pairwise dissimilarities between the face features in the two different face clusters: 
is lower than a predetermined stopping threshold , then repeat steps (b), (c), and (d), else terminate the face clustering process. For determining an optimal , we employ the stopping threshold selection method proposed in [16] in our HACbased face clustering strategy. Fig. 2 . HAC-based face clustering in a shot extracted from one of the drama video clips used in our experiments. In each step, a selected pair of face clusters is merged into a single face cluster in a recursive manner. Finally, the face clustering procedure terminates if all dissimilarities considered exceed a pre-specified stopping threshold . Fig. 2 visualizes HAC-based face clustering. In Fig. 2 , face images are first detected in a sequence of video frames within a shot. We assume that the total number of detected face images is eight. As such, the number of face clusters in the initial stage is eight (i.e., ) 8 L . In the final iteration, four face images belonging to the same subject are grouped into , 1 C while four face images belonging to another subject are assigned to . 
B. Extraction of Color Face Features
For the sake of simplicity and without any loss of generality, we further denote a particular face cluster as C . Let Let us denote the th k face feature extractor as k (see [13] for a detailed discussion of face feature extractors). Further, let us assume that k is formed with a training set consisting of the th k color component vectors, where the latter are generated from the training images associated with the target subjects [9] . Then, the low-dimensional features of the 
where 
where T denotes the matrix transpose operator, , , 
C.Face Recognition Using Weighted Color Feature Fusion
This section explains a FR technique that makes use of weighted feature fusion in order to merge multiple color face features. This approach allows dealing with several defective face images in a face cluster. Defective face images may be the present in a face cluster due to variations in terms of viewpoint, illumination, and compression artifacts. We regard defective face images as outliers, whereas a prototype image can be considered representative for a single face cluster.
The impact of outliers on the effectiveness of face recognition should be minimized. To this end, we compute a weight for each individual , and a corresponding prototype image. Further, it is well-known that the median is more resilient to outliers than the mean. Hence, we adopt a median feature vector, denoted as , paper, the widely used 'z-score' technique is employed to normalize the distance scores. Other distance score normalization techniques are explained in detail in [17] . Using 
In (7), by assigning a higher weight to the reliable face features and a lower weight to the other face features (i.e., the outliers), the chance of assigning outliers to the wrong subject class can be reduced.
To perform face annotation on , 
V. EXPERIMENTS
In order to investigate the effectiveness and the efficiency of the proposed face indexing system, a number of experiments were performed, using five video clips containing drama or movie content. Table I discusses a number of characteristics of the video clips used in our experiments. Note that the resolution of the video clips (described in Table I ) is 720x480 pixels for 4:3 Standard Definition (SD) video. Given a particular video clip, we constructed a corresponding ground truth composed of manually labeled shots as well as manually labeled face images. Recall that our face indexing system aims at detecting whether or not a particular actor appears in a given shot of a given video clip. In line with this goal, principal cast members for each video clip were designated as the actors of interest. Then, labels identifying these target actors were manually assigned to the shots (that contain the pre-specified target actors) of each video clip. In addition, Viola-Jones' face detection algorithm [18] was applied to all frames in each video clip in order to facilitate the manual labeling of face images. These manually labeled face images were used to evaluate the performance of the face clustering technique outlined in Section IV-A. Table II describes the five constructed ground truth (GT) datasets. In addition, Fig. 4 shows a number of example video frames, as well as the detected face images used in our experiments. The detected face images are significantly challenging for current FR techniques due to variations in pose and illumination, a low visual quality, and even occlusion. In an actor-based video service scenario, it is reasonable to assume that a FR engine has been customized to recognize a specific group of actors that are of interest to the user. Thus, face feature extraction methods using supervised techniques [20] may be suitable for building a FR engine in our face indexing system. The underlying reason for this is that face feature extraction methods relying on supervised techniques are usually characterized by a high FR performance when a high number of training samples per target subject is available and when the number of target subjects is low. In our experiments, Regularized Linear Discriminant Analysis (RLDA) [21] was adopted for the purpose of face feature extraction. In [21] , RLDA shows considerably better FR performance than other popular face feature extraction methods that make use of supervised techniques. The Euclidean distance was used to measure dissimilarity (i.e., to measure ) ( face D , as shown in (8)).
As discussed in Section III, the training face images for each target actor are obtained from the Web by means of the Internet connection of an STB. Note that more than 90% of the retrieved Web images were found to correctly contain the predefined target actors. Noisy Web images (i.e., Web images containing subjects that are different from the target actors) were removed from the set of acquired training face images. Hence, in our experiments, an average of 10 training face images was used for each target actor in order to form a face feature extractor. It is worth noting that, when referring to the literature in the area of face recognition [12] , [20] - [21] , the use of more than eight training images for a particular target subject is in general sufficient to build a reliable face feature extractor.
For the purpose of face clustering, the popular Local Binary Pattern (LBP) [22] was adopted as face feature. Note that the final goal of face clustering is to correctly group face images that belong to the same actor. For this reason, we focus on assessing the accuracy of merging face images by means of unsupervised face clustering, rather than assessing the accuracy of shot boundary detection.
The FScore metric [23] was adopted to quantify the clustering performance. As described in [23] , an FScore value may vary from 0 to 1. This means that the FScore will be one when every target actor has a corresponding face cluster that contains all face images belonging to the target actor in question. Hence, the higher the FScore value, the better the clustering result from the point-of-view of natural grouping. In addition, to evaluate the face annotation performance at the level of shots, the following precision and recall metrics were used: is the number of shots annotated with identity label n in the ground truth described in Table II . [16] ). Looking into the results in Table III , the FScore values are higher than 0.89 for all video clips used. Based on the fact that the FScore becomes one when perfect clustering results are achieved, we can verify that the proposed face clustering method is able to attain a reliable clustering performance (for an optimal stopping threshold). 5 shows the distribution of the number of face clusters having correctly clustered face images (belonging to the same subject). In Fig. 5 , the distribution is determined by calculating a histogram, and where a bin represents the fraction of face clusters having a particular number of correctly clustered face images. This histogram is generated using a total of 8,935 clusters. These clusters are the result of performing face clustering on the 2,952 shots included in the GT (as described in Table II ). Further, the histogram has been normalized by dividing each of its components by the total number of face clusters (i.e., 8,935 face clusters). From Fig. 5 , we can see that as much as 94% of the face clusters contain more than five correctly clustered face images that all belong to the same subject. This result indicates that our FR technique, which makes use of weighted feature fusion, is performed on at least five correctly clustered face images in most of the face clusters.
For comparison purposes, precision and recall values were obtained for FR techniques focusing on still images [13] . The resulting performance is referred to as the baseline annotation performance. Current FR techniques focusing on still images can be largely divided into two approaches: global and local appearance-based FR [15] . Both approaches were used in our experiments. For baseline FR relying on the global appearance-based method, RLDA (mentioned above) was adopted for the purpose of face feature extraction. Note that the training set used to form an RLDA-based feature extractor for baseline FR is the same as the feature extractor used in the proposed method (i.e., using an average of 10 training face images for each target actor). This guarantees fair and stable comparisons with the proposed FR method. For baseline FR relying on the local appearance-based method, the LBP local descriptor was used. Recently, LBP-based FR has shown promising results in the context of FR (identification or verification) [13] . In particular, LBP-based FR outperforms existing popular FR methods such as Bayesian and EBGM in all FERET test sets [19] . Here, the selected, using 18x21 pixel windows and the Chi square statistic 2 as distance metric. Further, for computing the weighted 2 statistic, the local region weights proposed in [22] were employed. Further details regarding the parameters used by LBP-based baseline FR can be found in [22] . It should be noted that, in contrast to the proposed method, the baseline FR methods are applied to a single key frame (containing faces of target actors) of each shot in the GT (as the baseline FR methods are typically applied in the context of still images). In addition, both baseline FR methods used a grayscale feature (this is, 'R' from the RGB color space). On the other hand, 'RQC r ' [9] color component images (Q and C r from the YIQ and YC b C r color spaces) were used by the proposed FR method in order to demonstrate the effectiveness of the use of color face features. Fig. 6 compares the precision/recall values, computed using (9), of the proposed method with the precision/recall values of the baseline FR methods. As shown in Fig. 6 , compared to the baseline FR methods, a substantial improvement in annotation performance is achieved by the proposed method, despite the inclusion of face clustering errors (as provided in Table III) . For instance, compared to baseline FR using a global appearance-based approach, the precision increases with 34%, 26%, 16%, 18%, and 24% for the 'V1', 'V2', 'V3', 'V4', and 'V5' video clips, respectively. Also, the proposed method achieves high face annotation accuracy a precision of more than 90% and a recall of more than 93% are obtained for most of the video clips used.
We have measured the execution time required to annotate video clip 'V2' (containing 654 manually labeled shots, 71,345 frames, and having a duration of about 69 minutes) on a PC with an Intel Pentium IV 2.4 GHz CPU processor. The time needed to execute shot segmentation in conjunction with face clustering and weighted color feature fusion is about 214 seconds (around 320 ms per shot). The time needed for selecting an optimal stopping threshold value during face clustering has also been included in the total execution time. On contrary, the processing time required to create a FR engine (including the collection of training images through a Web-based image search and the training of a face feature extractor) is not considered: the construction of a FR engine is performed in an off-line manner in our face indexing system.
VI. CONCLUSION
In this paper, we have presented a face indexing system that aims at deployment in an IPTV environment. The proposed system allows finding a set of shots in drama or movie clips that contain actors that are of interest to the user. Our face indexing system was implemented and tested using challenging video content, containing face images with severe variations in terms of pose, illumination, and visual quality. The experimental results demonstrate that our face indexing system is able to accurately annotate faces of actors in drama and movie video content. Further, all operations related to video FR are unsupervised and have a low computational complexity. Further, we also measured the runtime performance of the proposed face indexing system in a PC environment. We observed that our face indexing system needs about 320 ms in order to process a video shot. We believe that this performance is close to the performance of a real set-top box environment. Current set-top boxes come with support for high-speed floating point units and matrix operations. Consequently, we believe that our face indexing system enables users of IPTV systems to consume video clips that contain their favorite actors.
In this paper, we assume that a FR engine is constructed in an off-line manner. However, user preferences may change over time. Therefore, it should be possible to dynamically update a FR engine by retraining its associated face feature extractor, using face images of new target actors. Off-line learning methods for the construction of a FR engine often come with high memory consumption and high computational cost, making retraining computationally expensive. Hence, future research will focus on the construction of a FR engine using online-learning [24] , which allows dynamically adjusting the FR engine to evolving user preferences.
